I. INTRODUCTION
S UBJECTIVE tinnitus is the phantom perception of a sound heard in or around the head in the absence of an identifiable source and is experienced by 10-15% of the population [1] . Objective tinnitus occurs when the tinnitus sound is caused by a physical source. Furthermore, tinnitus can be described as pulsatile if the perceived sound appears as a pulsing sound synchronized to a person's heartbeat [2] ; or otherwise it is described as non-pulsatile tinnitus. In this work we are only concerned with subjective non-pulsatile tinnitus which is the most common form of the phenomenon.
Tinnitus has been shown to be associated with observable differences in auditory and non-auditory areas of the central nervous system compared with healthy counterparts [3] , [4] , [5] . It is thought that most tinnitus cases stem from peripheral noise-induced hearing loss creating a reduction in auditory input [6] with approximately 90% of people with tinnitus have apparent hearing loss [7] . It is thought that the remaining people with tinnitus have hidden hearing loss [8] , [9] , [10] , [11] . The loss of auditory input in regions of hearing loss causes adaptation within the auditory system leading to increased spontaneous neuronal activity, or hyperactivity, in the auditory pathway. This adaptation has been observed experimentally in animal studies with the site of the hyperactivity localized to the dorsal cochlear nucleus (DCN) [12] , [13] , [14] , [15] , [16] , [17] . The biological literature [18] , [19] , [20] , [15] has shown that the location of neuronal hyperactivity in the tonotopically organized DCN corresponds to the tinnitus pitch, furthermore the intensity of this hyperactivity correlates with the subjective tinnitus loudness. Therefore it should be possible to infer the perceived tinnitus pitch and loudness from the hyperactivity as the neuronal activity within the DCN during tinnitus perception, resembles sound evoked activity. Human studies have observed changes in the cochlear nucleus activity through auditory brainstem response (ABR) recordings [9] , [21] . In [9] a hyperactivity model is used to try to explain the recorded ABR data. The increased spontaneous neuronal activity is frequency specific and localised to frequencies in and around regions of hearing loss [17] . The hyperactivity is maintained along the ascending auditory path with evidence of hyperactivity within the inferior colliculus [22] , [23] . Moreover, this activity is proportional to the hyperactivity observed at the DCN [23] . At a cortical level this hyperactivity is observed in the auditory cortex [24] , [25] . It should be noted that the amount of cortical hyperactivity is not necessarily proportional to tinnitus distress or perception [25] . It is at the cortical level where the activity in the auditory system is perceived as a phantom sound (so called 'phantom' as the activity does not arise from external auditory stimulation). Increased neural synchrony in the auditory cortex facilitates perceptual binding which manifests itself as sound despite the absence of auditory stimulus [26] . This phenomena is also apparent in the auditory brainstem. Therefore to model tinnitus perception it is important to model the activity within the DCN [5] , [3] . Tinnitus-related activity has been observed in nonauditory areas associated with memory, attention and emotion (see [27] , [28] for thorough reviews of the findings). Moreover, the neural substrate, and the functional connectivity between cortical regions is similar to that observed in people with neuropathic pain [29] . A review of the cortical and subcortical physiological changes associated tinnitus can be found [31] . Understanding the mechanisms of tinnitus is challenging due to the heterogeneity of the people who experience tinnitus as outlined in a recent review [30] .
Computational models have been used to investigate the mechanisms responsible for tinnitus-related hyperactivity [32] , [33] , [34] , [37] , [38] with varying methodologies; namely lateral inhibition, gain adaptation and stochastic resonance being proposed. Although these studies model experimentally observable hyperactivity as a characteristic related to tinnitus, few models have benchmarked the modelled perception against measured data relating to the perceptual characteristics of tinnitus. Perceptual models of tinnitus have only focussed pri-marily on modelling tinnitus pitch and have not accounted for other perceptual aspects like loudness or other characteristics (for example pure-tone/ringing/hissing).
Computational models to date primarily focus on changes in the ascending, or bottom-up, auditory signals. The descending signals in the auditory pathway, or top-down signals, have also been shown to be crucial for the generation of tinnitusrelated activity [11] , [39] . It is challenging however to directly measure the top-down signals in a non-invasive way. Few studies have been carried out to understand how tinnitusrelated activity leads to actual perception of a sound by an individual. A qualitative approach to tinnitus pitch prediction was carried out in [35] , [32] while a quantitative approach was taken in [36] . These approaches showed that the bottomup activity provides sufficient information to enable a good approximation of the frequency of the sound perceived by the person with tinnitus, however the model prediction is not perfect.
Modelling of bottom-up adaptation in people with tinnitus has been deterministic [36] , [32] , [11] , [53] . In other words the amount of adaptation has been proportional to the relative degree of hearing impairment with no stochastic element included in the models. This can be mathematically described by perception ∼ ascendingsignals +
where only the ascending signals are used to describe the tinnitus perception plus some error, denoted . Incorporating top-down signals in a model is challenging without a detailed knowledge of the biological mechanisms generating these signals the process is stochastic. More recent modelling approaches, such as stochastic resonance models [37] or perceptual updating models [38] , incorporate feedback loops in to the modelled auditory system to dynamically respond to hearing impairment. It is known that the feedback signals impact on how people perceive sound. For instance, one person may perceive a sound to be louder than another person's perception of the same stimulus. The individual variability can be accounted for through 'random effects'. In this way it is possible to account for the effect top-down signals have on dependent samples and create a unique baseline for each subject. Although individuals may perceive ascending auditory signals differently there is at least consistency within each individual. The framework of a linear mixed effect (LME) model facilitates the modelling of fixed and random effects. Using such a model, tinnitus perception would be described in terms of the fixed/deterministic data, the ascending auditory signals, and the random effects, the idiosyncratic variation in perception that is due to individual differences. This work aims to extend existing tinnitus models of hyperactivity to produce a perceptual model of tinnitus that accounts for pitch and loudness. The hypothesis is that perceptual modelling of tinnitus can be improved by accounting for the influence of top-down signals in the perception of a phantom sound. To do this, a previous tinnitus model [36] is extended and enhanced by biologically faithful modelling of the auditory periphery; named the modified periphery model. The perceptual modelling in [36] is used as a benchmark to compare the current state-of-the-art approach with the novel approach presented. A Linear Mixed Effects (LME) model is used to incorporate the influence of top-down signals on the perception of ascending auditory signals, while the performance of the modified periphery model and the LME model is compared with existing perceptual models of tinnitus.
Section 2 provides an overview of the data which are to be modelled in this work. Section 3 details the development of the modified peripheral model (MPM) and the LME model for tinnitus. Section 4 outlines the results of each part of the study before the results are discussed in Section 5. Finally, Section 6 concludes the paper with an overview of the findings from this work.
II. DATASETS
Two datasets are used in this study. Dataset 1 was previously used in the study of pitch prediction of tinnitus [36] . Dataset 2, outlined in [40] , is a slightly larger dataset which provides additional information pertaining to the perception of loudness which is not available in Dataset 1. Both datasets contain audiometric data and a frequency which best corresponds to the pitch of a person's tinnitus. During the collection of both datasets the challenges to accurately match the stimulus frequency to the person's tinnitus pitch have been acknowledged and measures were taken to ensure reliable data were recorded. Details of these measures can be found in the methodology of [41] , [40] . Although there are minor differences in the audiometric data recorded in each dataset, detailed in Sections 2.1 and 2.2, there is a significant overlap between the frequencies used and the range of frequencies considered. Moreover, both sets of data are fair representations of the audiometric and perceptual characteristics of the tinnitus population [7] . Since there is no objective measure available for perceptual properties of tinnitus, for example tinnitus pitch or loudness, the originators of both datasets have made conscious efforts to ensure the quality and integrity of the data collected. Details of these procedures are given in the original papers for each dataset [41] , [40] while a description of each dataset is provided below.
A. Dataset 1
The first dataset was originally presented in [41] where the full details of the procedures used in the collection of the data can be found. This dataset was chosen as a subset of the full dataset which has been used in previous perceptual modelling studies for tinnitus [36] . Similarly, this study uses the same data as in [36] consisting of 48 sets of pure-tone audiometry and corresponding tinnitus pitch match for each ear of the participating 24 male subjects. Each subject had noise-induced hearing loss and perceive tinnitus as a tone like sound. Puretone audiometry was conducted for 10 frequencies (0.125, 0.25, 0.5, 1, 1.5, 2, 3, 4, 6 and 8kHz). Subjects were asked to compare the most prominent tinnitus pitch they perceived with each of the 10 pure-tones used in the audiometry recordings and select one of these pure-tones which best matched their tinnitus pitch. Figure 1a shows the distribution of tinnitus pitches within the dataset. It is notable that the frequency is given per ear as one subject had a different dominant frequency in each ear. Figure 1 shows the audiometric data contained with in Dataset 1.
B. Dataset 2
The second dataset was originally presented in [40] where full details of the procedures used in the data collection can be found. The dataset used in the present work consists of 74 subjects with chronic stable tinnitus and come from the 'Hamilton' group reported in [40] . Audiometric tests were conducted at 17 frequencies (0.1, 0.3, 0.5, 0. 8, 9, 10, 11, 13, 14 and 16kHz) and subjects were asked to compare the dominant tinnitus pitch with 11 different sounds. The similarity of each sound to a person's tinnitus was subjectively rated using a logarithmic Borg CR100 psychophysical scale ranging from 0 to 100 where 100 corresponds to an exact match and 0 corresponds to no resemblance. The 11 sounds were centred around 0.5, 1, 2, 3, 4, 5, 6, 7, 8, 10 and 12kHz and were then modulated to reflect a pure-tone, ringing sound or hissing sound in line with the person's tinnitus. The subjects were also asked to adjust the loudness of each of the 11 sounds until it matched the loudness of their tinnitus. Figure 2a shows the distribution of tinnitus pitches within the second dataset. The pitches in this larger dataset are more evenly distributed than the pitches in dataset 1 and also cover higher frequency ranges. A single tinnitus pitch is captured for each subject corresponding to the centre frequency of the dominant sound heard by each subject unlike Dataset 1 which considered each ear separately.
III. METHODS
The first part of this section outlines the modified periphery model which extends a previous perceptual model [36] by including a detailed ear model [42] and a biologically faithful model of the auditory nerve (AN) fibres. The second part will outline the LME model which provides a novel approach to perceptual modelling of tinnitus. The new approach is proposed to account for variability across subjects brought about by the uniqueness of individual sound perception. This section concludes with the definition of the metrics which will be used to evaluate the performance of each model. Figure 3 provides an illustration of the structure of the proposed MPM comprising of a model of the auditory periphery (the peripheral model) and a layer of laterally inhibiting neurons at the output end of the model to enhance tinnitusrelated hyperactivity and assist with pitch prediction [36] . The peripheral model begins with a biologically inspired ear model whose input is an instantaneous pressure waveform and whose output is the mean firing rate over time of a single AN fibre with a given characteristic frequency [42] . The tonotopic map for Dataset 1 is modelled between 125Hz to 8000Hz using a 0.35 filter spacing on the Equivalent Rectangular Bandwidth (ERB) scale to approximate the bandwidths of the filters in human hearing [43] . The extended audiogram readings in Dataset 2, up to 12kHz, enable the tonotopic map for this dataset to be modelled over more frequencies whilst maintaining the same ERB spacing as Dataset 1. As the tonotopic mapping is known to exist from the cochlea through to the auditory cortex, there is a canonical one-to-one mapping of frequencies between each module of the peripheral model and through to the lateral inhibition layer ( Figure  3 ). To model hearing damage, the inner and outer hair cell parameters of the ear model are adapted using an audiogram fitting function available with the open sourced ear model [44] . Full details of how hearing impairment adjusts the hair cell related parameters of the ear model can be found in [45] . The remainder of the ear model parameters are unchanged from [42] .
A. Development of peripheral model
The ear model depicts low, medium and high spontaneous AN fibres; that is, those AN fibres with low spontaneous firing rates (≤ 10Hz), AN fibres with a medium spontaneous firing rates (≤ 20Hz) and AN fibres with a high spontaneous firing rate (≥ 20Hz). The number of AN fibres per characteristic frequency in the tonotopic map of each dataset is inferred using the work of Greenwood to determine the proportion of the 30000 AN fibres that would be found at each characteristic frequency in humans [46] . The proportion of low, medium and high spontaneous fibres is 15%, 25% and 60% respectively and it is assumed that this distribution is uniform across frequencies [47] . It is possible that the distribution is non-uniform in humans as found in other mammals [48] , [49] however without the precise distribution of fibres across frequencies in humans the decision is made to keep it consistent rather than to speculate. This assumption of uniformity is discussed further in Section V. Weighted by the proportion of each fibre type and the number of AN fibres per frequency, the AN firing rates are summed into a single mean firing rate over time for each characteristic frequency. The overall net activity, f c , of the AN fibres at a particular frequency, c, is modelled by
where p is the number of AN fibres that contribute to the net activity of the AN at a given frequency and q is the total number of fibres per characteristic frequency. The first vector in Equation 2 represents the distribution of the high, medium and low spontaneous fibres (high = 60%, medium = 25% and low = 15%). The firing rates of the high, medium and low spontaneous fibres are denoted as l, m and h respectively. For convenience, we use the notation f c rather than f c (t). The AN fibres provide input to the DCN module.
The architecture for the DCN model comes from [50] and is characterised by three populations of neurons; namely wideband inhibitor (WBI) neurons, narrowband inhibitor (NBI) neurons and projector neurons (PNs). The individual neurons are modelled as in the Schaette and Kempter tinnitus model [34] and the parameter values are consistent with this study. Although the AN model used here provides an analogous output to the AN model used in [34] , the use of a dynamic AN model in this work (in contrast to the firing rate AN model in [34] ) means that some of the subsequent equations in the Schaette and Kempter tinnitus model [34] are altered. Consequently the dynamics of the WBI and NBI neurons and PNs are outlined below. The firing rate, f c , of an AN fibre for a given characteristic frequency, c, provides excitatory input to the WBI and NBI neurons and PNs. The firing rate, w c , of a WBI neuron of characteristic frequency c is
Here frequencies A, B and c satisfy that c ∈ {A, ..., B} and |{ A, ..., B} \ {c}| = N = 10% of the total size of the tonotopic map for each dataset. The positive rectifier is denoted by [...] + and defined by [x] + = max (0, x). The firing threshold of the WBI neurons, θ w i , is chosen such that f i − θ w i = 0 when frequency i is stimulated by a sound less than or equal to 27dB in line with previous models [34] . Therefore WBI neurons are inactive until there is broadband noise greater than 27dB. The choice in threshold means that WBI neurons will not be unnecessarily stimulated by spontaneous neuronal activity or quiet environments while the threshold remains low enough to allow for low level sounds, such as a whisper (≈ 30dB), to be processed.
The NBI neurons are stimulated by pure tones and are inhibited when there is broadband noise. The firing rate, n c , of the NBI neurons with characteristic frequency c is given by
where the synaptic weight between the WBI neurons and NBI neurons, g nw = 1.5 (as in [34] ), ensures that NBI neurons do not respond to broadband noise. The gain factor for the excitatory AN input is g f = 1. The firing threshold θ n c is equal to θ w c (Equation 3) so that the NBI neurons respond to pure tones in the same way as WBI neurons respond to broadband noise. and NBI neurons. The firing rate of a PN is calculated by
where r high = 300 (consistent with [34] ). The values of the gain factors g w and g n can vary the dynamics of the neuron model as explored in [34] . It is within the DCN model that homeostatic plasticity is modelled to adapt the gain factors in Equation 5 .
After hearing damage, such as sensorineural hearing loss, the AN fibres will decrease in their spontaneous and maximum firing rates. Consequently, the input to the PNs is decreased lowering the mean firing rate of these neurons [9] . To define the mean firing rate of the PNs, in line with previous studies [34] , [36] , we must first define a number of components. The probability density function of the sound intensity I (in dB) given by
where the mean intensity is µ = 40dB with standard deviation σ = 25dB. Given a hearing threshold of TdB for a particular frequency the probability of spontaneous activity, P sp , occurring at the frequency is defined as
The probability distribution p f of the AN firing rates is shown in Figure 4 . The probability distribution estimate was obtained using the ksdensity function in MATLAB with a normal kernel smoother. The probability density function can be modelled as the sum of two Gaussian distributions with mean 78 and 202 respectively and standard deviation 32 and 120 respectively.
The values for the spontaneous and maximum firing rates are obtained by stimulating the AN fibre with a pure tone centred at the characteristic frequency of the AN fibre at 0dB for spontaneous firing rate and 85dB for maximum firing rate. The maximum sound level of 85dB is chosen because it would not be practical or ethical to validate this model's behavior through electrophysiological studies which would stimulate the ear at very high sound intensity, for example, 120dB. The lower sound level could be used in future real-world validation of the model which would not be practical or ethical with a very high sound intensity. The mean firing rate of the PNs is defined byr
In order to adapt to the reduced mean firing rate the gain within the PN model is adjusted. By altering Equation 5, the gain factor, g, stabilises the mean firing rate such that the firing rate of a PN can now be written as
The value of g is calculated numerically using the Secant method and is bounded between 1 and 3 inclusive in keeping with previous models [34] . The firing rates from the PN layer provide the input to the lateral inhibition layer of neurons which will be used to extract the tinnitus pitch from the modelled auditory activity. The output of the PNs provide the activity of each frequency modelled in the tonotopic map from which a prediction of the pitch of the tinnitus sound will be made. To enhance peaks along the tonotopic map and suppress noise, the last stage of the MPM is a layer of neurons that mutually inhibit neighbouring neurons. The output of the lateral inhibition layer of neurons is defined, as in [36] , by
where r(t) is the output of the projector neurons in the DCN model, M is the matrix of lateral inhibitory weights and a(0) = 0. The inhibitory weight between the i th and j th neurons is
where, in [36] , w max = 0.8 and σ = 5 (σ = 10 for the Gerken model [51] ) is the width of the inhibitory neighbourhood. Both of the previously stated values for σ will be considered in turn.
Although only a single lateral inhibition layer is illustrated in Figure 3 , the recursive nature of Equation 10 means that modelling lateral inhibition over T time steps is equivalent to a static lateral inhibition model with T layers comparable to previous lateral inhibition models used in tinnitus modelling [51] , [52] , [53] . The predicted pitch is taken to be the frequency of the neuron in the lateral inhibition layer with the greatest activity at the end of the simulation. An analogous approach was used in [36] however the number of time steps used in the simulations has not been given in [36] . An arbitrary value of T = 10 seconds is chosen in the first instance. In Section 4 it will become apparent that the values of w max , σ, and T will require refinement.
B. Capturing heterogeneity in the tinnitus population
The approaches of qualitative perceptual models of tinnitus [32] , [35] and the quantitative approach in [36] (and analogously the methodology above) assume that the perceived tinnitus pitch could be determined from the bottom-up signals in the auditory brainstem (weighted to optimise the results) plus some error. This methodology is similar to the approach of linear models which take the form
where the observed data, y, are calculated using a matrix of fixed effects, X, weighted by scalars, β, with a generic error, . In the context of tinnitus pitch prediction, the observed data y correspond to the perceived tinnitus pitches and X contains quantitative variables for each subject that represent the fixed activity of the auditory brainstem. This model essentially separates the problem of pitch prediction into two parts. Firstly the known components, X, and secondly the error term for the components that cannot be captured, . In this structure the error term is assumed to be general and be the same across all subjects. However, perception of bottom-up signals in the auditory system is unique across different people and is moderated by top-down signals in the descending auditory pathway. Therefore the addition of a random effect for each person is needed to capture the subtle variations across the population. One novel approach to do this is to extend the linear model in Equation 12 to a LME model. The LME model is expressed as a mixture of fixed and random effects such that
where Z is the random effects matrix containing known quantitative variables weighted by scalars, b. This model requires some known information pertaining to the random element of the model, in this case the subject's individual perception of their tinnitus sound. The subjective likeness ratings of known sounds relative to the perceived phantom sound in Dataset 2 will be used as the known random effects in the LME model denoted by Z in Equation 13 . The rows of Z correspond to different subjects while the columns correspond to different known sounds used for the subjective likeness ratings. As each individual will have a different way of subjectively rating the likeness of the sound stimuli (i.e. one person's rating of 50/100 may be another person's rating of 60/100 for the same stimuli), these data are specific to each individual. Therefore, the random effect component of the model provides a unique baseline for each individual subject. As it is not possible to passively measure the exact auditory nerve activity at each frequency of the tonotopic map, the ascending auditory signals will be depicted using the modelled activity of the peripheral model. The output of the PNs in the DCN will provide the data for the fixed effects matrix X in Equation 13 .
The LME model will be used to model both the pitch and loudness of a person's tinnitus. The fixed effects matrix of the LME model will contain the activity of the PNs in the peripheral model for both the pitch and loudness modelling cases. This activity contains information regarding the pitch and loudness of a sound. The pitch is relevant to the tonotopic map and the location of hyperactivity within the tonotopic map. Loudness is the perception of the volume of sound stimulus. The firing rate of neurons along the auditory brainstem is directly proportional to the loudness of the sound [54] .
The scaling parameters β and b of the LME model are fitted across the entire dataset using the fitlmematrix function in MATLAB with the maximum likelihood approach. The optimisation of the model fit is carried out using a quasi-Newtonian approach (using the optimisation function quasinewton). The predicted values are obtained by applying the MATLAB function fitted to the LME model so that quantitative analysis could be performed on the model's performance.
A stepwise forward selection approach is used to establish which random effects and, indeed, how many random effects should be included in the model. The quality of each model is determined by the Akaike information criterion (AIC) which takes in to account the trade-off between the simplicity of the model and the goodness of fit. In the first instance the LME model is fitted with no random effects. In the next step, all permutations of a single random effect parameter are considered. If the minimum AIC for models containing one extra parameter is less that the AIC for no random effects parameters then the addition of another parameter is considered. The next step considers all permutations of the remaining random effects alongside the random effect parameter from the previous step. While the minimum AIC for all models with the given number parameters is less than the previous step the process of adding an extra parameter is considered. The final LME model is the model with the lowest AIC and therefore representing the best compromise between model simplicity and goodness of fit. This approach is used to ensure the LME model is not become overfit to the dataset.
C. Quantitative measures of perception prediction
In line with previous perceptual modelling of tinnitus [36] the performance of a model for predicting tinnitus pitch will be evaluated in terms of the error, the model bias and the correlation between the model's predicted pitches and the perceived pitches of people's tinnitus from Dataset 1 and Dataset 2.
The error in the model's performance is defined in terms of the root-mean-square error (in octaves) of the predicted tinnitus pitch p i (for each sample i of each dataset) and the perceived tinnitus pitch t i as determined experimentally. That is to say, the error E is given by
where n is the size of the dataset. The model bias (in octaves), B, is defined in terms of the difference between the mean of p,p, and the mean of t,t. That is
The correlation, C, between the perceived pitches and the predicted pitches is determined by
where the covariance is defined as
and σ p and σ t are respectively defined as
and
In the case of modelling tinnitus loudness, only the correlation between the predicted loudness values and the perceived loudness values is used to evaluate the performance of the LME model. The MPM and LME model were implemented and the subsequent analyses of each model were implemented in MATLAB R2018a (The MathWorks, Natick, MA, USA).
IV. RESULTS
The first investigation evaluates the performance of the MPM with Dataset 1. Using the parameters of w max = 0.8, σ = 5 and T = 10, as shown in [36] , the error, bias and correlation when modelling Dataset 1 were 1.0422, -0.7887 and 0.3702 respectively. When adjusting σ = 10 as outlined in [36] to be the parameter settings for the Gerken model there is no significant change in any of the evaluation metrics. As this modelling attempt is substantially poorer than the original Schaette and Kempter perceptual (SKP) model [36] and but slightly better than the Gerken model [51] (evaluated in [36] ) model, efforts were made to improve the parameters of the lateral inhibition layer. The values for w max , and σ from Equation 11 , and the number of time steps, T, were optimised using a Genetic Algorithm (GA) such that the error between the predicted pitch and the perceived pitch is minimised. The fitness function for the GA was constructed to calculate the error between the predicted pitch and the perceived pitch. The values of w max , σ and T are bounded by (0, 10), [2, 64] and [1, 100] respectively with σ and T further constrained to be integers. The GA was implemented using the default parameters, i.e. a scattered crossover function and a Gaussian mutation function, of the built in ga function in Matlab R2018a (The MathWorks, Natick, MA, USA). The optimum parameter values of the lateral inhibition layer were calculated by the GA to be w max = 0.09, σ = 12 and T = 42. The optimisation of the parameters of the MPM resulted in an improvement to the error, bias and correlation as documented in Table I . Table I shows the performance of pitch prediction of each model for the given dataset alongside the results of existing perceptual models of tinnitus as reported in [36] . The error, bias and correlation of the MPM lies between the previous SKP and Gerken models as analysed in [36] . The findings are also in keeping with [36] which found the combination of gain adaptation and lateral inhibition, used in the SKP and MPM models, provides a more accurate model of tinnitus perception than lateral inhibition alone, as used in the Gerken model. Figure 5 shows the model's predictions against the perceived pitch values. Note that any points lying on the identity line (i.e recorded pitch = modelled pitch) were predicted to be the recorded perceived pitch of the person's tinnitus. The error in this model is significantly better than the Gerken tinnitus model [51] which was evaluated in [36] but performs marginally worse than the SKP model. The MPM was then applied to Dataset 2 ( Figure 6 ). Using the SKP lateral inhibition parameters of σ = 5, w max = 0.8 and T = 10 the model performance was poor with E = 1.4237, B = −0.8340 and C = 0.3806. Similarly, assigning σ = 10, in line with [51] , gave no improvement in any metric. As with Dataset 1, the decision was made to optimise these three parameters to improve model performance. Following optimisation using a GA, the parameters of the lateral inhibition layer of the MPM using a GA were σ = 6, w max = 0.17 and T = 56; the results are given in Table I . The MPM model performs better than the Gerken model according to all three metrics. However it performs worse with Dataset 2 than with Dataset 1. This can be explained by the distribution of pitches in Dataset 1 where the majority of samples had a pitch between 4000Hz and 6000Hz. Therefore the model was still able to perform well as on average a prediction of 4000Hz or 6000Hz would result in a good prediction. This highlights that the error and bias of the model may not be strong indicators of the model's overall performance. The error and bias metrics are heavily affected by the values of the empirical data compared with the modelled data. In other words, these metrics reward very close model predictions and are very punishing on weaker model predictions. In contrast, the correlation reflects the model's performance as a whole over the entire dataset thus providing a better evaluation of how the model performs. The correlations between the modelled data by the MPM and Dataset 1 and 2 were 0.26 and 0.39 respectively indicating moderate correlation. The consistency of the correlation metric and lack of consistency in the error, and to a lesser extent the bias, across datasets highlights the appropriateness of the correlation metric to evaluate model performance. The results indicate that the MPM is not a reliable model of tinnitus perception as validated by the two independent datasets. This also highlights that tinnitus percept is not solely encoded by ascending auditory signals which the MPM represents.
Predicted = Recorded Line of best fit

The LME model can only be applied to Dataset 2 as it requires both fixed and random effects. The LME model was fitted using the built in MATLAB function fitlmematrix with default parameters. Figure 7 shows the LME model's predictions against the perceived values of the tinnitus pitch. As outlined in Table I , the error in the LME model's performance is E = 0.22, the bias is B = 0.02. The correlation between the LME model's predictions and the perceived pitch values is C = 0.97 indicating a very strong correlation. This is clearly evident in Figure 7 which is greatly improved compared with all other models of tinnitus pitch in terms of the model's correlation with reality.
Recorded tinnitus pitch (kHz) Predicted tinnitus pitch (kHz) Fig. 7 . Modelled tinnitus pitch against the recorded tinnitus pitch in Dataset 2 using the LME model The optimum model from the forward selection approach includes four random effects. The random effects correspond to the subjective likeness rating of 500Hz, 6kHz, 10kHz and 12kHz compared with the person's perceived tinnitus pitch. This model had the lowest AIC measure and the addition of more random effects had a negative impact on the quality of the model. Further analysis was conducted to identify any frequency specific patterns that may reflect potential underlying biological processing. The normalised fitted weights are shown in Figure 8 . The recorded tinnitus pitches from the dataset are also marked along this function to highlight the frequency markers that are relevant to Dataset 2. It is apparent at 2kHz, Predicted = Recorded Line of best fit Frequency (kHz) Normalised weight Fig. 8 . The normalised weights of the fixed effects matrix of the LME model. The recorded tinnitus pitches from Dataset 2 are indicated by the red circles. 4kH, 6kHz, 7kHz and to a lesser degree at 12kHz that the LME weights are near to a local maxima while the neighbouring frequencies receive a negative weighting. This behaviour is similar to localised lateral inhibition where some frequencies are amplified whilst neighbouring frequencies are suppressed. However, this behaviour is not apparent for every recorded tinnitus pitch; for example at 1kHz, 8kHz and 10kHz. An independent evaluation would be needed using a secondary, and ideally, larger dataset to eliminate any potential dataset specific bias. It is also notable that lower frequencies receive a stronger weight, in general, than frequencies beyond 8kHz. This may be explained by the fact that the activity of higher frequencies has previously been amplified in the DCN model in response to high frequency hearing loss.
The last stage of the investigation considers the novel modelling of tinnitus loudness. Figure 9 illustrates the LME model's predictions of tinnitus loudness against the perceived tinnitus loudness. The correlation between the LME model's predictions and the perceived loudness is C = 0.90. This again indicates a strong correlation between the LME model's predictions and reality which is clearly evident in Figure 9 . It is not appropriate to use the error and bias metrics in this case as their formulation is specifically related to pitch. The optimum LME model for loudness contains only two random effects. These parameters relate to the subjective rating of loudness of 3kHz and 7kHz compared with the perceived loudness of the person's tinnitus. This model was also developed incrementally using the forward selection approach, as in the pitch model, and the AIC is used to evaluate the quality of the model. To date tinnitus models have mainly focussed on replicating tinnitus-related activity in the auditory system. However it is important to go further to understand how a phantom sound is perceived following the development of hyperactivity in the auditory system. One challenge of tinnitus research is dealing with the uniqueness of the problem. This motivated the search for alternative methods which accounted for the heterogeneity of tinnitus perception by accounting for the influence of topdown signals which have been shown to be essential in the generation of tinnitus-related activity [11] . The LME model provides a structure to facilitate both fixed and random effects which contribute to the perception of pitch and loudness. The LME model accurately modelled the pitch and loudness of an individual's tinnitus and in doing so outperformed existing models of tinnitus perception with respect to correlation. This is the first perceptual model of tinnitus to consider the loudness of a person's tinnitus.
The LME had a higher accuracy for pitch perception than the MPM model. As discussed previously (in Section 2: Datasets), both datasets are fair representations of tinnitus perception. Therefore our postulate follows that the LME model provides the most accurate model of tinnitus pitch perception to date. Unfortunately this cannot be categorically proven in this work as it is not possible to apply the LME model to Dataset 1 nor is it feasible to apply existing perceptual models to Dataset 2 which would allow for a likefor-like comparison of tinnitus perceptrons. An explanation for the LME outperforming the MPM model, and possibly existing models, is that the MPM (and similarly the models outlined in [36] and [51] ) can only account for ascending auditory information. In [11] , [39] it has been shown that key neural correlates of tinnitus arise from top-down auditory modulation at the thalamocortical level. It is not feasible to directly observe these additional auditory signals in humans. However, the structure of the LME, in particular the random effects component, allows for unknown and person-specific bias of tinnitus perception to be accounted for by the inclusion of information pertaining to an individual's perception of known frequencies. The additional model complexity allows for increased model accuracy compared with existing models and the MPM model while it is not possible to directly account for all factors impacting on the tinnitus perception. The results of the LME model show that it is possible to accurately model an approximation of a person's perception of tinnitus using subjective likeness measures. The significant improvement in model performance (according to all three metrics) of the LME model from the MPM may show that the bottom-up activity may only have a moderate relation to the perceptual characteristics of tinnitus.
The fitted weights of the LME model, shown in Figure 8 , may highlight the over simplicity of the MPM model whose behaviour is primarily adapted in response to hearing loss alone. It is therefore possible that the weights of the LME model reflect an aspect of the structural and/or functional aspects of auditory processing that is not captured by the simplistic MPM model used in this work. It is not possible to identify the origin(s) where such auditory processing may occur from the limited detail of the data available in this study. Moreover, the distribution of AN fibres is taken to be uniform across all frequencies where in reality it is highly possible that the distribution is non-uniform [48] , [49] . Future work is required to capture more sophisticated data are needed to support the development of a more comprehensive model of the auditory system. This could include a more detailed modelling of hearing loss associated with hidden hearing loss. It may be possible to capture such data using electrophysiological approaches. Investigating treatment methods for tinnitus would be aided by the clarification of behaviour modelled by the fitted weights of the LME model.
The two LME models presented here, for pitch and loudness, only require a small number of random effects. In the case of pitch modelling, the random effects for 500Hz, 6kHz, 10kHz and 12kHz are selected through the forward selection approach to give the optimum model in terms of AIC. It is notable that these pitches do not correspond with the four most common pitches recorded in Dataset 2 (shown in Figure  2a ) which are 10kHz, 8kHz, 6KHz and 7KHz. Similarly for the LME loudness model which required random effects for information relating to the loudness of 3kHz and 7kHz stimulus. It is not immediately clear the significance of these random effects in terms of the underlying biological mechanisms. Future work to replicate our approach on a new, similar dataset would be beneficial in order to compare the findings with our current work. Unfortunately, such a dataset is not available at this time. Future experimental work, potentially through invasive electrophysiological recordings around the auditory brainstem, is needed to relate the subjective likeness ratings and the LME model parameters back to biological mechanisms. This may help explain the significance, if any, of the random effects included in the optimum LME models and the fitted weights discussed above.
This work investigated the spontaneous neuronal activity of people with tinnitus. In doing so this work, and previous investigations ( [11] , [36] ), have under utilised the behaviour of the WBI and NBI neurons. The Carney ear model enables much richer stimuli to be investigated compared with previous AN models used to investigate tinnitus perception [36] . In future work, the MPM could be used to explore the role of the DCN model in more detail. Stimuli may include sounds commonly used in sound therapy approaches that aim to alleviate tinnitus therefore exploring the impact they may have on the perception of tinnitus pitch and loudness. Other realistic stimuli could be used to investigate the perception of tinnitus pitch and loudness in different acoustic environments. Future work would be needed to collect new data that could provide the ground truth to such an investigation.
The accuracy of the LME model means that the LME model can be used to objectively evaluate a person's subjective characterisation of their tinnitus sound. Until now tinnitus has been the individual perception of a sound which could not be accessed. This work unlocks the previously unobservable bottom-up signals and perception of a phantom sound. Moreover, the model accurately links the underlying mechanisms of tinnitus generation to the resulting perceived tinnitus sound. It is beneficial for clinicians to have a model of a person's tinnitus to not only help a person with tinnitus understand how the phantom sound originates but also to provide an accurate estimate of the phantom sound. This estimate of the phantom sound provides the clinician with a sound that they can hear allowing them to relate to the patient's problem and also reassures the patient that the clinicians do understand what the person is experiencing. This in turn provides confidence and encouragement to both the clinician and the patient.
The results of the LME model, according to all three metrics used in the analysis, provides the most accurate perceptual model of tinnitus to date in terms of corresponding frequency and loudness. The MPM model performed mariginally worse than previous model work in terms of the correlation between the empirical data and the model's predictions. In a comparison to previous perceptual models of tinnitus outlined in [36] , the choice of the model parameter σ, reflecting the span of the lateral inhibition of neighbouring frequencies, was similar to the optimised parameters of the MPM given in this study. The SKP model used σ = 5 and the Gerken model used σ = 10. In this study the MPM model used a value of σ = 12 for Dataset 1 and σ = 6 for Dataset 2. As noted in Section 3.1 these parameters were optimised with respect to the error of the modelled data from the empirical data. The inhibitory strength used in [36] was w max = 0.8 whilst in this study the weaker strengths of w max = 0.09 and w max = 0.17 were used for Dataset 1 and 2 respectively. Again, these parameters were determined by minimising the model error. These parameters are loosely coupled to the biological reality as it is not practical for any of the models discussed in this work to model the complex mechanisms involved at a cortical level for sound perception. Instead the aim is to extract relevant information, i.e. tinnitus pitch, in a practical way from a simplified model inspired by the known adaptation that exists in the auditory system of people with tinnitus. Hence, in this work the parameter values of the MPM are optimised to achieve maximal performance was in keeping with the previous models [36] .
Three metrics were used to assess the performance of the MPM and LME models in line with previous investigations [36] of tinnitus pitch; namely the root-mean-square error (Equation 14), model bias (Equation 15 ) and the correlation between the perceived pitches and modelled pitches (Equation 16 ). The results outlined in Table I show that the MPM outperformed the Gerken model in terms of model error and model bias. However, it is evident by the correlation measure, and illustrated by the line of best fit in Figure 5 , that the MPM is not a strong model of tinnitus pitch. As shown in Figures 1a and 2a , the uneven distribution of tinnitus pitches in the datasets had a significant impact on the model's fit. The correlation metric accounts for the standard deviation in the empirical data and model's estimates as well as the covariance between the empirical data and model estimates. Thus this metric is less impacted by the skewed empirical data compared with the other two metrics. For this reason, we argue that correlation is the most appropriate metric of the three considered to evaluate model performance of tinnitus pitch prediction. Moreover it is also possible, for the same reason, to compare model performance across datasets using the correlation metric.
The methodology of the MPM and LME models presented in this work overlap between the different classes of existing tinnitus models. Fundamentally the MPM and LME are built on gain adaption models (i.e. the ear model and DCN model illustrated in Figure 3 ) analogous to those outlined in [11] , [34] , [35] . The lateral inhibition layer extends the gain adaption model within the MPM thus utilising the theory from previous lateral inhibition models of tinnitus [51] . The hybrid model is analogous to previous hybrid models [36] . The LME model is also a hybrid model integrating gain adaptive models, the fixed effects matrix, and stochastic processes; namely the random effects matrix. The LME model can only provide limited information regarding the biological mechanisms responsible for tinnitus perception. The random effects provide additional data to inform the existing biologically inspired fixed effects. Future work is required to extend the MPM to incorporate a biologically faithful approach to the relative perception of a sound replacing the need for subjective likeness data used in the LME model.
Further work is required to identify other characteristics of tinnitus such as the quality of a person's tinnitus, for example, a ringing or a hissing sound. The LME model is only applicable to continuous data and not categorical data such as the quality of a person's tinnitus.
VI. CONCLUSION
The LME model provides the most accurate perceptual model of tinnitus to date as it shows the greatest correlation between the perceived tinnitus pitches and the modelled tinnitus pitches compared with all other perceptual models of tinnitus. The success of this model gave confidence to investigate other perceptual aspects of tinnitus, namely tinnitus loudness.
Most computational models of tinnitus replicate activity associated with tinnitus but only [36] has quantitatively explored the perception of sound emerging from abnormal tinnitus behaviour. This work aimed to extract perceptual aspects of tinnitus from the abnormal behaviour previously modelled and improve upon existing models of tinnitus perception by accounting for the heterogeneity in the tinnitus population.
The initial approach was to replicate existing methodologies for modelling tinnitus pitch using only modelled signals of the ascending auditory pathway [36] . The poor performance of the MPM and indeed the results of previous models showed that the bottom-up information does not contain everything needed to capture the perception of a sound. The individualism of sound perception motivated the investigation of LME models which capture random effects which were used to account for the subjective and individual nature of tinnitus.
As the top-down signals cannot be easily observed, subjective assessment of an individual's perception of sounds relative to their tinnitus was used as known random effects. As the sound stimuli were the same across all subjects this information provided an individual baseline for each person allowing the heterogeneity across subjects to be captured using a single model. Accurate models of tinnitus pitch and loudness perception were created by using subjective information from individuals on their perception of sounds similar to their tinnitus. These models could be used to assist with the assessment and validation of tinnitus pitch and loudness which is currently only obtainable through subjective measures. Additionally it could be used alongside longitudinal studies of tinnitus to track changes in a person's tinnitus; for example, a person's tinnitus before and after a treatment plan. This approach has provided a new state-of-the-art technique to perceptual modelling of tinnitus.
